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MRAS Sensorless Vector Control of an Induction
Motor Using New Sliding-Mode and Fuzzy-Logic
Adaptation Mechanisms
Shady M. Gadoue, Member, IEEE, Damian Giaouris, Member, IEEE, and John W. Finch, Senior Member, IEEE
Abstract—In this paper, two novel adaptation schemes are pro-
posed to replace the classical PI controller used in model reference
adaptive speed-estimation schemes that are based on rotor flux. The
first proposed adaptation scheme is based on sliding-mode theory.
A new speed-estimation adaptation law is derived using Lyapunov
theory to ensure estimation stability, as well as fast error dynamics.
The other adaptation mechanism is based on fuzzy-logic strategy.
A detailed experimental comparison between the new and conven-
tional schemes is carried out in both open- and closed-loop sensor-
less modes of operation when a vector control drive is working at
very low speed. Superior performance has been obtained using the
new sliding-mode and fuzzy-logic adaptation mechanisms in both
modes of operations.
Index Terms—Fuzzy control, induction motors, model reference
adaptive control, sliding-mode control.
NOMENCLATURE
isD , isQ Stator current components in the stator frame.
J Rotor inertia.
Lm Mutual inductance.
Ls , Lr Stator and rotor self-inductances.
p Differential operator.
Rs , Rr Stator and rotor resistances.
Tr Rotor time constant.
vsD , vsQ Stator voltage components in the stator frame.
εω Speed tuning signal.
σ Leakage coefficient.
ψrd , ψrq Components of the rotor flux linkage vector.
ωr Angular rotor speed.
I. INTRODUCTION
S EVERAL strategies have been proposed for rotor speed es-timation in sensorless induction motor drives [1]. Among
these techniques, model reference adaptive systems (MRASs)
schemes are the most common strategies employed due to their
relative simplicity and low computational effort [1], [2]. Ro-
tor flux, back electromotive force (EMF), and reactive power
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techniques are popular MRAS strategies that have received a lot
of attention. The back EMF scheme may have stability prob-
lems at low stator frequency and show low noise immunity, but
avoids pure integration. The reactive power method is charac-
terized by its robustness against stator resistance variation while
avoiding pure integration, but suffers from instability [2], [3].
Therefore, rotor flux MRAS, first proposed by Schauder [4], is
the most popular MRAS strategy, and a lot of effort has been fo-
cused on improving the performance of this scheme. Generally,
the main problems associated with the low-speed operation of
model-based sensorless drives are related to machine parameter
sensitivity, stator voltage and current acquisition, inverter non-
linearity, and flux pure-integration problems [1], [5]. Since all
model-based estimation techniques rely on rotor-induced volt-
ages that are very small and even vanish at zero stator frequency,
these techniques fail at or around zero speed [5].
PI controllers are widely used in industrial control systems
applications. They have a simple structure and can offer a satis-
factory performance over a wide range of operation. Therefore,
the majority of adaptation schemes described in the literature
for MRAS speed observers employ a simple fixed-gain linear PI
controller to generate the estimated rotor speed. However, due
to the continuous variation in the machine parameters and the
operating conditions, in addition to the nonlinearities present in
the inverter, fixed-gain PI controllers may not be able to provide
the required performance. Adaptive control techniques, such as
gain scheduling, where the PI gains vary with the operating con-
ditions, are often used to improve the controller performance.
Not much attention has been devoted to study other types of
adaptation mechanisms used to minimize the speed tuning sig-
nal to obtain the estimated speed.
In this paper, this point is addressed by presenting two novel
nonlinear adaptation mechanisms to replace the classical PI con-
troller used in the conventional rotor-flux-based-MRAS speed
observer. A novel nonlinear adaptation scheme based on sliding
mode (SM) theory is proposed to improve the speed-estimation
performance. The new speed-estimation adaptation law, which
ensures estimation stability and fast error dynamics, is derived
based on Lyapunov theory. Furthermore, a fuzzy-logic controller
(FLC) is proposed as another nonlinear optimizer to minimize
the speed tuning signal used for the rotor speed estimation. The
performance of the new and conventional schemes is compared
based on detailed experimental tests in both open-loop and sen-
sorless modes of operation. Focus is given to operation at low
speed, which represents a critical region of operation for an
MRAS observer.
0885-8969/$26.00 © 2009 IEEE
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Fig. 1. Conventional MRAS speed observer.
II. ROTOR FLUX MRAS SPEED OBSERVER
The classical rotor flux MRAS speed observer shown in Fig. 1
consists mainly of a reference model, an adaptive model, and
an adaptation scheme that generates the estimated speed. The
reference model, usually expressed by the voltage model, repre-
sents the stator equation. It generates the reference value of the
rotor flux components in the stationary reference frame from
the monitored stator voltage and current components. The refer-
ence rotor flux components obtained from the reference model
are given by [4], [6]
pψrd =
Lr
Lm
{vsD −RsisD − σLspisD} (1)
pψrq =
Lr
Lm
{vsQ −RsisQ − σLspisQ} . (2)
The adaptive model, usually represented by the current model,
describes the rotor equation where the rotor flux components are
expressed in terms of stator current components and the rotor
speed. The rotor flux components obtained from the adaptive
model are given by [4], [6]
pψˆrd =
Lm
Tr
isD −
1
Tr
ψˆrd − ωˆr ψˆrq (3)
pψˆrq =
Lm
Tr
isQ −
1
Tr
ψˆrq + ωˆr ψˆrd . (4)
Finally, the adaptation scheme generates the value of the
estimated speed to be used in such a way so as to minimize the
error between the reference and estimated fluxes. In the classical
rotor flux MRAS scheme, this is performed by defining a speed
tuning signal εω to be minimized by a PI controller, which
generates the estimated speed that is fed back to the adaptive
model. The expressions for the speed tuning signal and the
estimated speed can be given as [6]
εω = ψrq ψˆrd − ψrd ψˆrq (5)
ωˆr =
(
kp +
ki
p
)
εω . (6)
III. SM MRAS SPEED OBSERVER
SM control (SMC) is a variable structure control with high-
frequency discontinuous control action that switches between
several functions depending on the system states [7]. It can be
one of the most effective and robust control strategies, in addi-
tion to its capability to cope with bounded disturbance as well
as model imprecision that makes it suitable for robust nonlinear
control of induction motor drives. Mathematical basics, design
procedures, and applications of SMC in electric drives have been
covered in [7]. The principle of SMC is to define a switching
control law to drive the nonlinear state trajectory onto a switch-
ing surface and maintain this trajectory sliding on this surface
for all subsequent time [8]. The control law is defined based on
Lyapunov theory to guarantee the motion of the state trajectory
toward the sliding surface. This is done by choosing a hitting
control gain to maintain the derivative of Lyapunov function as
always a negative definite [9].
The classical SM strategy applied for control applications is
modified here to fit with the speed-estimation problem. Hence,
a novel SM rotor flux MRAS (MRAS-SM) is developed to
replace the conventional constant gain PI controller. A new
speed-estimation adaptation law for the SM scheme is derived
based on Lyapunov theory to ensure stability and fast error
dynamics. Defining the speed tuning signal (5) and choosing a
sliding surface s as
s = εω +
∫
kεω dt, k > 0 (7)
such that the error dynamics at the sliding surface s = 0 will be
forced to exponentially decay to zero. When the system reaches
the sliding surface, this gives
s˙ = ε˙ω + kεω = 0 (8)
and the error dynamics can be described by
ε˙ω = −kεω . (9)
The SMC law can be found using Lyapunov theory and defin-
ing the Lyapunov function candidate [9] as
v =
1
2
s2 . (10)
According to Lyapunov theory, if the function v˙ is negative
definite, this will ensure that the state trajectory will be driven
and attracted toward the sliding surface s, and once reached, it
will remain sliding on it until the origin is reached asymptoti-
cally [9]. The time derivative of the Lyapunov function in (10)
can be calculated as
v˙ = ss˙ ⇔ s (ε˙ω + kεω ) . (11)
Differentiating (5) yields
ε˙ω = ψ˙rq ψˆrd + ψrq
˙ˆ
ψrd − ψ˙rd ψˆrq − ψrd
˙ˆ
ψrq . (12)
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Substituting the current model (3) and (4) into (12) yields
ε˙ω = ψ˙rq ψˆrd − ψ˙rd ψˆrq +
Lm
Tr
isD ψrq −
1
Tr
ψˆrdψrq
−
Lm
Tr
isQψrd +
1
Tr
ψˆrqψrd − ωˆr (ψrq ψˆrq + ψrd ψˆrd).
(13)
By letting
f1 = ψ˙rq ψˆrd − ψ˙rd ψˆrq +
Lm
Tr
isD ψrq −
1
Tr
ψˆrdψrq
−
Lm
Tr
isQψrd +
1
Tr
ψˆrqψrd (14)
f2 = ψrq ψˆrq + ψrd ψˆrd (15)
(13) can be written as
ε˙ω = f1 − ωˆrf2 (16)
and (8) can be written as
s˙ = f1 + kεω − ωˆrf2 . (17)
Substituting (17) into (11) yields
v˙ = s (f1 + kεω − ωˆrf2) . (18)
This derivative is negative definite if
(f1 + kεω − ωˆrf2)
< 0 for s > 0
= 0 for s = 0
> 0 for s < 0.
(19)
This can be ensured if
ωˆr =
f1 + kεω
f2
+ M sign(s), M > 0 (20)
where the sign function is defined as
sign(s) =
{
−1 for s < 0
+1 for s > 0
}
. (21)
Equation (20) represents the switching law of the SM con-
troller and could be written in general form as
ωˆr = ueq + us (22)
where ueq is the equivalent control that defines the control action
that keeps the state trajectory on the sliding surface, us is the
switching control that depends on the sign of the switching
surface, and M is the hitting control gain that makes (11) a
negative definite [9]. No design criterion is assigned to choose
the value of M ; however, its value should be selected high
enough to make the manifold s = 0 in (7) attractive [9], [10].
Therefore, the control law defined in (20) will guarantee the
existence of the switching surface s in (7), and when the error
function εω reaches the sliding surface, the system dynamics will
be governed by (9), which is always stable [11]. The expressions
for the equivalent and the switching control functions can be
Fig. 2. MRAS-SM speed observer.
written as
ueq =
f1 + kεω
f2
(23)
us = M sign(s), M > 0. (24)
The presence of the function f2 in the denominator of the
equivalent control ueq may cause problems in the estimation
performance of the proposed scheme if its value approaches
zero. This problem can be avoided by allowing magnetizing
of the machine before starting up and by adding a positive
small value to f2 . The use of the sign function in the SMC
(20) causes high-frequency chattering due to the discontinuous
control action that represents a severe problem when the system
state is close to the sliding surface [9]. The block diagram of the
novel MRAS observer employing SM adaptation mechanism
(MRAS-SM) is shown in Fig. 2.
IV. FUZZY-LOGIC MRAS SPEED OBSERVER
Various applications of FL have shown a fast growth in the
past few years. FLC has become popular in the field of indus-
trial control applications for solving control, estimation, and
optimization problems [12]. In this section, FL is proposed to
replace the PI controller used for error minimization in the con-
ventional MRAS speed observer.
FL technique has been applied to solve optimization prob-
lems for induction motor drives [13]–[17]. It has been proposed
to replace PI controllers in different error minimization appli-
cations [18], [19]. For the MRAS speed observer, the mecha-
nism of the estimation of the rotor speed can be regarded as an
optimization problem, where the PI controller is generating a
quantity, the estimated speed, in such a way so as to minimize
a specified error, which is the speed tuning signal in (5), in a
feedback loop. Therefore, FLC can replace the conventional PI
controller to solve the optimization problem.
The proposed FLC is a Mamdani-type rule base where the
inputs are the speed tuning signal εω in (5) and its change ∆εω ,
which can be defined as
∆εω (k) = εω (k)− εω (k − 1). (25)
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Fig. 3. Fuzzy controller input and output membership functions. (a) Error. (b)
Error change. (c) Change in the estimated speed.
These two inputs are multiplied by two scaling factors ke and
kd , respectively. The output of the controller is multiplied by a
third scaling factor ku to generate the actual value of the rate
of change of the estimated speed. Finally, a discrete integration
is performed to get the value of the estimated speed. Hence, a
PI-type FLC is created where the expression for the estimated
speed can be written as
ωˆr (k) = ωˆr (k − 1) + ∆ωˆr (k). (26)
The choice of the values of the scaling factors greatly affects
the performance of the FLC. A trial and error technique is usu-
ally used to tune these gains to ensure optimal performance of
the controller [16]. Each variable of the FLC has seven mem-
bership functions. The following fuzzy sets are used: NB =
negative big, NM = negative medium, NS = negative small,
ZE = zero, PS = positive small, PM = positive meduim, and
PB = positive big. The universe of discourse of the inputs and
outputs of the FLC are chosen between −0.1 and 0.1 with trian-
gular membership functions, as shown in Fig. 3. Table I shows
TABLE I
LINGUISTIC RULE BASE FOR PI-TYPE FLC
Fig. 4. MRAS-FL speed observer.
Fig. 5. Experimental platform.
the fuzzy rule base with 49 rules [16]. FLC is modeled using the
MATLAB fuzzy-logic toolbox GUI. The overall MRAS speed
observer with FL speed-estimation mechanism (MRAS-FL) is
shown in Fig. 4.
V. EXPERIMENTAL SYSTEM
The experimental platform, shown in Fig. 5, consists of a
7.5-kW, 415-V, delta-connected three-phase induction machine
loaded by a 9-kW, 240-V, 37.5-A separately excited dc load
Authorized licensed use limited to: Newcastle University. Downloaded on March 05,2010 at 05:50:12 EST from IEEE Xplore.  Restrictions apply. 
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Fig. 6. FLC implementation using look-up tables.
machine to allow separate control of torque and speed of the
dc machine. A 15-kW four-quadrant dc drive from the Control
Techniques “Mentor” range is used to control the dc machine to
provide different levels of loading on the induction machine up
to full load. The induction machine parameters are given in the
Appendix.
The ac drive power electronics consists of a 50-A three-phase
diode bridge and a 1200-V, 50-A half-bridge insulated-gate
bipolar transistors (IGBT) power modules. To control the in-
duction motor, a dSPACE DS1103 control board is used that
consists of a PowerPC 604e processor running at 400 MHz, and
a Slave Texas Instruments TMS320F240 DSP.
Hall effect current sensors were used to measure the motor
line currents. The actual motor speed is measured by a 5000
pulses/revolution incremental optical encoder. The rotor speed
measurement is to allow standard encodered vector control op-
eration and is employed as a reference for sensorless operation.
The inverter switching frequency is 15 kHz, with a deadtime
period of 1.5 µs, and the vector control is executed with the
same sampling frequency. The observer and the speed control
loop have a sampling frequency of 5 kHz and the speed mea-
surement is executed with a sampling frequency of 250 Hz.
During practical implementation of the MRAS scheme, it was
found necessary to cascade a low-cutoff-frequency high-pass
filter at the outputs of the voltage model to remove integrator
drift and any initial condition problems. The cutoff frequency
should be selected as low as possible since the purpose is just
to remove the dc component, and therefore, a value of 1 Hz is
chosen.
A simple deadtime compensator similar to the one described
in [20] and [21] is implemented and reference voltages that are
available in the control unit are used to avoid the need to measure
the real stator voltages and will be used for the voltage model
flux observer in (1) and (2).
To use the FLC in real time with the dSPACE card and
Simulink, a 2-D look-up table is generated from the FL toolbox
in MATLAB with a step size of 0.0005 for the inputs. The FLC
implementation using a look-up table is shown in Fig. 6, where
the saturation limits for the input saturation blocks are set to 0.1
and −0.1.
VI. EXPERIMENTAL RESULTS
Extensive experimental tests were carried out to compare the
three adaptation schemes: PI, FL, and SM using an indirect
vector control IM drive. The tests were performed in both open-
loop and sensorless modes of operation.
Fig. 7. Speed-estimation performance for 25% load disturbance rejection at
60 r/min. (a) MRAS-PI. (b) MRAS-FL. (c) MRAS-SM.
A. Open-Loop Performance
The three adaptation mechanisms were tested in open loop
when the drive is operated as an encodered vector control, i.e.,
the encoder speed is used for speed control and rotor flux angle
estimation. The drive was subjected to different reference speed
changes at various load torque levels. The PI controller gains can
be selected as high as possible, but are limited by the noise [6].
PI gains of Kp = 10 and Ki = 100, obtained by trial and
error, were shown to provide an optimal performance for the
conventional MRAS observer. Although fixed gains are used in
this paper, it would be possible to obtain better performance if
variable gains via gain scheduling technique are employed. To
allow a fair comparison, FLC gains were tuned in such a way
Authorized licensed use limited to: Newcastle University. Downloaded on March 05,2010 at 05:50:12 EST from IEEE Xplore.  Restrictions apply. 
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Fig. 8. Speed tuning signal for 25% load disturbance rejection. (a) PI and FL.
(b) SM.
so as to obtain similar steady-state performance as with the PI
controller, and are found to be: ke = 0.01, kd = 1, and ku = 5.
An LPF is a natural solution to reducing the chattering in
the estimated speed obtained from the SM scheme. Using high-
order SM should also reduce this chattering. The LPF also re-
moves the spikes that may appear in the estimated speed due
to the differentiation of fluxes in (14). The choice of the cutoff
frequency for this LPF affects the observer performance. Us-
ing small values reduces the speed ripples, but introduces more
delay in the estimated speed. A cutoff frequency of 30 rad/s
was found to be a good compromise between speed ripples and
dynamic response. The parameters of the SMC are: k = 1000
and M = 0.1, and are obtained by trial and error.
At low speed, a steady-state error in the estimated speed is
observed for the MRAS observer using the three adaptation
schemes. This is mainly due to the stator resistance mismatch
between the motor and the observer. Moreover, since dead-
time effects cannot be completely removed even by complicated
compensation schemes [5], the reference voltages used for the
voltage model did not match the actual stator voltages across
the machine terminals that represents another source for the
steady-state error in the estimated speed.
Figs. 7–13 show the performance of the three schemes for
25% load torque disturbance rejection at 60 r/min, speed change
Fig. 9. Speed tuning signal for speed change at 25% load.
Fig. 10. Switching surface of SM scheme for speed change at 25% load.
from 30 to 100 r/min at 25% load, and for speed change from
50 to 100 r/min at rated load.
FL and SM schemes show better transient response compared
to the PI scheme, which is due to an optimal speed tuning signal
during transients, as shown in Figs. 8, 9, and 12. The switching
surface of the SM scheme (7) corresponding to the unfiltered
speed is shown in Figs. 10 and 13. These figures show that the
manifold s = 0 is attractive causing fast error dynamics.
B. Sensorless Performance
In these tests, the vector control drive is working in the closed-
loop sensorless mode, where the estimated speed is used for
both speed control and rotor flux orientation. The three schemes
are compared when the drive is running at different operating
conditions at very low speed.
Sensorless performance of all schemes is shown in Figs. 14–
18, where the drive is subjected to reference speed change from
40 to 100 r/min at no load and 25% load torque application at
100 r/min. Compared to the PI scheme, FL and SM still show
a faster response during transients. Moreover, the FL scheme
shows faster response compared to the SM scheme due to the
need for LPF for the SM scheme. An optimal speed tuning signal
was obtained for the FL scheme compared to the PI scheme, as
shown in Figs. 15 and 17. The switching surface of the SM
scheme for the 25% load disturbance rejection test is shown in
Fig. 18.
This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination.
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Fig. 11. Speed-estimation performance at rated load. (a) MRAS-PI.
(b) MRAS- FL. (c) MRAS-SM.
Fig. 12. Speed tuning signal for rated load test.
Fig. 13. Switching surface of SM scheme at rated load.
Fig. 14. Sensorless performance at no load. (a) MRAS-PI. (b) MRAS-FL.
(c) MRAS-SM.
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Fig. 15. Speed tuning signal during sensorless no-load operation.
Fig. 16. Sensorless performance for 25% load disturbance rejection.
(a) MRAS-PI. (b) MRAS-FL. (c) MRAS-SM.
Fig. 17. Speed tuning signal during sensorless load torque rejection. (a) PI
and FL. (b) SM.
Fig. 18. Switching surface for SM scheme during sensorless load torque
rejection.
VII. CONCLUSION
In this paper, two novel nonlinear adaptation mechanisms
are proposed to replace the fixed-gain PI controller, which is
conventionally used for rotor flux MRAS observer. One of
these schemes is based on SM theory where a novel speed-
estimation adaptation law is derived based on Lyapunov the-
ory to ensure estimation stability with fast error dynamics. The
second scheme is based on a FL strategy working in a non-
linear optimization mode. Parameter tuning of the PI and FL
schemes has been performed in such a way so as to obtain similar
steady-state performance. A detailed experimental comparison
between the three schemes has been carried out using an indirect
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vector-control induction motor drive. Application of the new
schemes shows better transient performance, as well as better
load torque disturbance rejection in both open-loop and closed-
loop sensorless modes of operation. More specifically, due to
the need of low-pass filtering of the estimated speed obtained
from the SM approach, the FL strategy shows a faster response
than the SM scheme. However, the application of the new adap-
tation schemes does not considerably improve the steady-state
performance.
APPENDIX
MOTOR PARAMETERS
7.5-kW, three-phase, 415-V, delta-connected, 50-Hz, four
pole, star-equivalent parameters: Rs = 0.7767 Ω, Rr = 0.703 Ω,
Ls = 0.10773 H, Lr = 0.10773 H, Lm = 0.10322 H, and J =
0.22 kg·m2
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